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Although resilience has become a popular concept in studies of poverty and vulnerability, it has been difficult to obtain a credible measure of resilience. This difficulty is because the data required to measure resilience, which involves observing household outcomes over time after every exposure to a shock, are usually unavailable in many contexts. This paper proposes a new method for measuring household resilience using readily available cross section data. Intuitively, a household is considered resilient if there is very little difference between the pre-and post-shock welfare. By obtaining counterfactual welfare for households before and after a shock, households are classified as chronically poor, non-resilient, and resilient. This method is applied to four countries in the Sahel. It is found that Niger, Burkina Faso, and Northern Nigeria have high percentages of chronically poor: respectively, 48, 34, and 27 percent. In Senegal, only 4 percent of the population is chronically poor. The middle group, the non-resilient, accounts for about 70 percent of the households in Senegal, while in the other countries it ranges between 34 and 38 percent. Resilient households account for about 33 percent in all countries except Niger, where the share is around 18 percent.
Introduction
Africa sits at the cusp of an enormous opportunity to reduce poverty. Economic growth appears to have taken hold, the private sector is expanding, ambitious investment plans are being implemented, and citizens from East to West, and North to South are demanding, and in many cases getting, reforms towards good governance. But the gains from these opportunities are tempered by huge vulnerabilitiesfrom macro shocks, conflict and state fragility, weak institutions, and climate change. As the recent experience of the 2010 fuel and food crisis shows, a single large shock is enough to strain the resilience of plenty of households at once. When such shocks occur in succession, the consequence is often a breakdown in resilience and large welfare losses. The poorest households are confronted often with a multiplicity of shocks: droughts or floods reduce grain supplies, prices spike, and health shocks strike. To worsen the situation, public institutions in the region are generally not adequately equipped to compensate through safety nets or buffer food stocks; at the same time, traditional responses that are effective against small-scale shocks are gradually losing momentum.
The erosion of traditional safety nets based on self-and mutual insurance and the inadequate responses of state interventions is undermining the resilience of the population in Sub-Saharan Africa. Some have developed diversification strategies, mostly through rural-urban linkages that provide income from off-farm activities and remittances that are less risky than farm income or have an uncorrelated risk. When negatively correlated with farm income, these income sources can act most effectively as a safety net (Yang and Choi, 2007) . However, other households, unable to engage in such activities have continued to resort to low risk management. But even those with the least risky profiles are often exposed to covariant income shocks that may bring them to extreme poverty with associated problems of destitution and inability to recover -that is, they may be caught in poverty traps.
The Sahel region illustrates the problem of (poor) resilience in a particularly stark way. These countries rely on at most two commodities -cotton or peanuts and gold, oil or uranium -that are highly sensitive to world demand shocks for export earnings. Attempts to diversify their economies have been unsuccessful to date. Also, Mali, Burkina Faso and Niger are particularly disadvantaged by geography and by their own instability and that of neighboring countries. As an illustration, between 2007 and 2012, these countries have had to deal with global food and financial crisis, droughts and economic disruptions and social tensions from conflicts in Côte d'Ivoire, civil war in Libya and civil war and a coupe d'état in Mali.
Whereas resilience -or lack thereof-is a widely used concept, it has been a lot harder obtaining a credible measure of it. This is in part because the data that are needed to measure resilience are typically the same or in many ways similar to those needed to understand vulnerability and are rarethat is, panel data of individuals, communities or countries, knowledge of types of shocks that hit them, and welfare outcomes after every exposure. In the absence of these ideal data sets, at least for the Sahel region, this paper proposes a simple measure of resilience that makes use of currently available information.
The quantitative measure we provide builds on the intuitive understanding of resilience. When a household (or individual) is hit by a shock, the household is resilient if there is very little difference between its pre-shock welfare and the post-shock welfare; there is indeed little deviation from the household's long-term (permanent) welfare trajectory. If we use cross sectional data sets, we do not observe the same individual and we do not have the opportunity to measure the post-shock outcome.
To overcome this limitation, we simulate the counterfactual outcome, using present available information. The counterfactual outcome is the hypothetical welfare outcome that a household would obtain if faced with a different state of the world. For this, we rely on the vast literature using counterfactual distributions (Fortin et al. 2008; Graham et al, 2008 ) and survey to survey imputation (Elbers et al., 2003) . The methodology is pretty straightforward. We first split the sample into households (or individuals) which experienced shocks, which we refer to as the subpopulation of the treated -and those which did not, often referred to as the control subpopulation. Next, we estimate separate welfare outcomes for those who received a shock and those who do not. We use these parameters to obtain the counterfactual distributions for each group. The comparison of the permanent welfare and counterfactual distribution outcome for each individual gives an indication of who is likely to be resilient and who is not.
We provide estimates of rates of resilience for two alternative measures of welfare: consumption and a measure of child nutritional deficiency -weight for age. We find that using consumption as the welfare measure, about 35% of the households in the West African Sahel would be considered resilient. However, when we use underweight as the welfare measure, we find that on average, only about 25% of the children in the 1-3 years age group in the Sahel, are resilient. However, this average hides large variations in the region. Those who can be considered resilient to underweight range from about 35% in Senegal to less than 20% in Burkina Faso.
The paper is divided into seven sections. Section 2 is a literature review. Section 3 covers the theoretical model while section 4 is the empirical strategy. Section 5 discusses the data used and section 6 presents results. Section 7 concludes.
How do we define resilience? A Literature Review
This section provides a quick overview of the growing literature on resilience. The literature falls into three categories. One is mostly conceptual and concerned with how to define and think about resilience. There is another that does not invoke the concept of resilience but through its focus on coping strategies implicitly offers evidence of resilience. And finally, another category provides empirical estimates of resilience. We summarize each in turn.
Defining resilience: Resilience has been defined as "…the ability of countries, communities and households to manage change, by maintaining or transforming living standards in the face of shocks or stresses -such as earthquakes, drought or violent conflict -without compromising their long-term prospects" (DFID, 2011; Walker et al. 2004; World Bank, 2013) . This definition conceives of resilience not only as the ability of economic agents to return to their previous state, but also as an inclination of these agents to strengthen their adaptive capacity to the post-shock situation.
In recent years, resilience has become more and more attractive as a goal of economic development, because it implies the capacity of economic agents to cope successfully with a wide array of shocks (e.g. environmental, economic, social, political, demographic, religious) . Accordingly, the level of vulnerability and the capacity to cope with shocks depend on the nature of the disturbance and the availability of additional resources, such as alternative income, credit capacity, and public assistance. Resilient individuals, communities and households are therefore, seen to be able to meet their food security needs, have access to adequate nutrition, protect their environment, have income and health security, educate their children, and participate in the decisions that affect their lives (Frankenberger et al., 2012) . During the last decade, several studies have linked environmental sustainability to concepts of resilience (Morduch, 1993; Mercer, 2010; Bahadur et al., 2010) .
Coping and lack of resilience: Although not explicitly stated as resilience, other studies that have analyzed a variety of coping strategies used by households in different countries (e.g. decrease in fertility rates, increase in private borrowing, relying on local support networks, etc.), in an attempt to protect their welfare do come across as measures of lack of resilience. Skoufias (2003) reviewed 12 such studies and also analyzed the interaction between household coping strategies and the impact of crises and natural disasters on different dimensions of well-being. In general, these studies conclude that while the informal efforts put in place by households and/or communities to mitigate and cope with risk were perhaps unavoidable and worked for a few cases, they remained ineffective. Therefore, households were forced to rely on self-insurance strategies that are particularly costly in terms of current as well as future welfare. Such ineffective strategies have been documented across the developing world. Examples include reduction in expenditures, asset sales, and increased private borrowing and debt by Bangladesh households coping with the 1998 floods (Del Ninno et al. (2003) ), in Ethiopia (Carter et al., 2006; World Bank, 2005) , Southern Zambia (Umetsu, 2010) and Indonesia (Keil et al., 2008) . Using about 9,000 farm surveys across Africa, Seo (2010) estimates net revenues associated with different types of farm systems and shows that farmers who moved from a specialized crop farm to an integrated system that mixes crops and livestock are more resilient against climatic shocks.
Measuring resilience: Although a broad literature on resilience exists, there is no consensus yet on how to measure it among the limited set of examples that have attempted to go in that direction The latest contribution is a group of papers that apply a latent variable approach. They propose the idea that resilience is multifaceted and, therefore, not observable per se but can be related to a number of observable context-specific dimensions. These dimensions can be reduced to a single variable, by applying data reducing techniques, such as Principal Component Analysis (PCA) and Factor Analysis (FA).
One such paper considers resilience as a latent variable defined according to four main opportunities (i.e. income and food access; assets; access to public services; and social safety nets) and two additional dimensions (i.e. stability and adaptive capacity). The paper applies a factor analysis to these variables to obtain a resilience index which, together with other household covariates is entered into a regression of food security in the West Bank and Gaza (Alinovi et al. 2009 ). Regression results showed that resilience is one of the most important indicators in measuring vulnerability to food insecurity.
Ciani and Romano (2013) also developed a methodology to quantitatively assess resilience to food insecurity among rural households hit by Hurricane Mitch in 1999 in Nicaragua. The authors made use of a two-stage factor analysis on a nationally representative longitudinal data set of around 3,000 households, of which 540 were re-interviewed after the hurricane occurred. The resilience index resulting from the analysis seems to be a key element describing future households' well-being attainments. The econometric analysis carried out by the authors on different outcome variables such as the growth rate of food expenditure and the transition both into and out of food poverty, and including the resilience index among the explanatory variables, shows a positive relationship between households' resilience at time t and the level of food security at t+1 and the probability of moving out of poverty between t and t+1. At the same time, lower levels of resilience at time t are shown to be related to higher probabilities of being food deficient at t+1 and of moving from being food sufficient to being food poor between t and t+1. Demeke and Tefera (2011) use data from the Ethiopia Rural Household Survey to estimate household resilience to food insecurity. The authors derived a resilience index through the Principal Component Analysis on a set of variables such as food access, liquid assets, education, and social network. Determinants of resilience were then explored using a dynamic panel model. Results suggested that there is a significant state-dependence of the dynamics of resilience with food insecurity (i.e. current resilience status is affected by its past level). Furthermore, the probability of being resilient is also shown to depend on a number of physical, human, financial and social characteristics, as well as access to basic services, information, agricultural inputs, markets and income diversification. Access to productive assets seemed to play a crucial role in this context and to be positively associated with households' resilience, whereas, access to credit in the form of short-term loans from informal sources showed a negative impact on the probability of being resilient, and traditional saving and credit arrangements both had a positive and significant effect.
In the next section we will provide a theoretical framework for understanding resilience and follow that with an empirical strategy for measuring it explicitly.
Theoretical framework
Studies of village economies in developing countries have shown that random variation in incomes of households need not result in consumption variation, because in the presence of risk, informal insurance markets that are mediated through community and family relationships may be able to overcome the absence of formal insurance markets (Udry, 1994; Townsend, 1994) . According to the literature, these informal risk pooling arrangements can arise for a variety of reasons. They could come about because of communal solidarity that emerges from shared norms and moral values (Platteau, 1991) or from trading by risk-averse individuals trying to reduce their risk exposure (Arrow, 1991) . In the latter case, there is usually even no need for a third party enforcer. Rather, repeated interactions are considered sufficient to convince rational actors that cooperation is less costly than non-cooperation.
Our conceptual motivation for resilience can be best understood within this rich and diverse literature that attempts to model and test consumption smoothing by households in a risky environment in village economies. The starting point is a life-cycle consumption smoothing model, where the household tries to deploy multiple resources to maintain its permanent income trajectory. Therefore, consider a risk-averse household, h, who maximizes an inter-temporal expected utility defined over a consumption good, c, and a planning horizon comprising T periods. The household has access to a risk-free asset, A, which earns interest, r. It also earns a risky income, y, in each period. The household's maximization problem can be stated as,
Subject to the budget constraint,
where β is the time discount rate.
The usual solution to this programming problem is that households solve the maximization problem so as to equate the marginal utility of current consumption to the discounted expected marginal utility of future consumption. That is,
This framework allows us to test whether a household, in general, can maintain its permanent income under conditions where risk is prevalent. It is the framework deployed most often by a wealth of studies that examine how and whether households living in village economies have access to credit that allows them to ride out the risks they encounter in that context (see Morduch, 1995; Alderman and Paxson, 1992 for thorough reviews). As an illustration, consider a household that has to self-insure. In such a case, the household would save a share of the portfolio that the household decides to keep in the form of currency or other transferrable form of wealth, plus the income from risky production in order to minimize the difference between its permanent income and state-of-the-world contingent income. Household resilience can, thus, be seen as an inter-temporal risk minimization problem subject to a resource constraint. However, in many contexts individual households would not be able to save enough to self-insure. Therefore, in our empirical models that follows we take it as a given that households rely on multiple sources of income -own resources, credit, mutual insurance, and so onto protect themselves from large deviations from potential welfare.
Empirical models usually require two additional assumptions in order to implement the test. First, the models work well when we have multiple observations for each household -that is panel data. Second, assumptions are made regarding the structure of the utility function. The two common assumptions are to assume either constant absolute risk aversion (CARA) or constant relative risk aversion (CRRA).
Two variants of the test have been used in the empirical work. One tests for risk sharing across villages, regions or even countries. The full insurance model assumes that the village resources will be distributed across households until the (weighted) marginal utilities of consumption are equalized across households. Therefore, consumption of a household in any given period will be a function of the average consumption in the village plus some deviation that accounts for that household's preferences and circumstances (e.g. its household size, demographic composition, health status of its members, etc.).
The second tests for whether a household's consumption trajectory is sensitive to transitory shocks to income. Consider the model,
where , denotes household incomes and superscripts , , denote permanent, transitory and residual incomes, , and are other household covariates and unobservables, respectively. The permanent income test posits that the transitory incomes will be smoothed away and the only part of income that affects the trajectory of consumption is the permanent income part.
So how do these tests relate to a definition of resilience? Note that both tests directly or indirectly suggest that a household can recover relatively quickly from a shock if it can rely on communal resources (village support, family networks, credit and savings associations, etc.) -and we may add even public resources such as safety nets -or has substantial resources of its own (savings, stable job or business, etc.). By contrast a household that does not have such resources will not be able to finance its optimal consumption plans. Therefore, in the event of a shock, it will not be able to recover quickly from a large deviation from its optimal consumption trajectory. In other words, it will not be resilient. Figure 1 provides a simple illustration of the problem faced by the household in a two period setting. 1 ( , 1) and 2 ( , 2 ) are welfare in periods 1 and 2, for a household with characteristics x, in two states of the world (ε1 , ε2). The price of welfare in period 1 is normalized to 1. The price of the welfare good in period 2 is 1/1+r; which is also the price of welfare in period 2 relative to welfare in period 1: Gross interest rate 1 + r is the relative price of welfare goods today compared to welfare goods tomorrow. Before the shock, the household is at point A, which we assume to be the permanent welfare level. After the shock occurs the price of welfare in period 1 increases dramatically, relative to welfare in period 2. The new equilibrium moves to point B with new prices but also with lower welfare level. A resilient household would manage to mobilize an amount of resources comprising a share of assets, s, and income from a variety of sources equivalent to * ( , ) that brings it back to an equilibrium point C. In other words, a resilient household is one that is successful at minimizing the gap between A and C. 
As noted above, these potential tests of resilience require data that have multiple observations per household. Collection of comparable surveys before and after a shock can provide a lot of information on households' resilience capacity. However, panel data are rare in developing countries, and are nonexistent in the study countries -with the exception of two rounds of panel in Nigeria. Therefore, there is a need to develop such a measure using more readily available cross section surveys. We now explain our empirical strategy for obtaining a measure of resilience in the West African Sahel.
Empirical Model
In the absence of panel data, the major hurdle we face, when we use the cross section data to estimate resilience, is a missing data problem. Our interest is to estimate whether a household (or individual) exposed to a shock is resilient or not. Our empirical strategy makes use of easily available cross section data. However with cross sections, we only observe one observation of the outcome variable per household when in fact we need at least two (and in an ideal case many more), one before and another after the shock. Our proposal is to rely on the insights of literature on program evaluation. A central problem studied in that literature is how to recover the missing data for the outcome of interest (see a recent review by Imbens and Wooldridge, 2008) . To see this, suppose we observe h=1,...,N households. These households face a positive probability of exposure to a shock. And for each we assume there are two potential outcomes, ℎ (0) and ℎ (1). Suppose that the first outcome is the welfare (consumption, income, nutrition, etc.) that would be observed if the household did not experience a shock, and the second outcome denotes the observed welfare after the household experiences a shock. At any given point in time, a household is either exposed to a shock or not, but not both at the same time. If a household is not exposed, then we observe the first outcome and the second outcome becomes the ex-post counterfactual outcome. If a household is exposed to a shock we observe the second outcome, and the first outcome becomes the ex-post counterfactual (Imbens and Wooldridge, 2008; Fortin, Lemieux and Firpo, 2010) .
Given this setup, we have two challenges to estimate resilience. One is that we have to obtain an estimate of the counterfactual which in both subpopulations is not observed. Second, we have to determine a rule for considering a household resilient or not. To obtain the counterfactual we use the Oaxaca-Blinder framework, we subdivide households into two different groups based on their exposure to shocks. To stay with the usual language in the literature, denote the two subpopulations of treated and non-treated as, , and , respectively. We define these subpopulations as
That is, a household belongs to the treated subpopulation if last period (defined as the year before the start of the survey) shock (e.g. rainfall) is below a specific threshold, and it belongs to the control group if last period shock is greater than the threshold. Then we can express the welfare measure of interest as,
Obtaining the counterfactual welfare involves estimating the same model separately for each subpopulation, and then applying the resulting parameters to the other subpopulation and adding the bootstrapped residuals 1 . The imputation process is a simplified version of the methodology developed in Elbers et al. (2003) . Stifel and Christiaensen (2007) provide theoretical guidance regarding variables to be included in imputation models. Following Stifel and Christiaensen (2007) , we included several household durables, household characteristics, location, and interaction (especially with location) variables. For the treated, the ex-post counterfactual -the potential welfare outcome if they did not experience a shock -is the mean welfare using the treated's covariates and the parameters obtained from the model of those not experiencing a shock. That is,
ℎ,
where the superscript for the outcome variable denotes the estimated counterfactual outcome.
Resilience is then tested by comparing the counterfactual to the permanent welfare value ̅ estimated as:
We obtain three outcomes A) � <l, the permanent welfare is below the estimated permanent welfare threshold. The household is chronically poor/deprived. B) � ≤ , � ≤ the counterfactual value is equal to or higher than the estimated permanent welfare measure, the household is resilient.
C)
� > , � > the counterfactual value is below the estimated permanent welfare measure, the household is non-resilient.
There are several points to note regarding this empirical setup. First, we set the reference minimum threshold equal to 1 in order to avoid counting as resilient households which are living permanently below the welfare minimum threshold because they are too poor. That is, we want to avoid mistaking households whose permanent and counterfactual welfare rarely differ because they are chronically poor or malnourished (that is, outcome A above). The minimum threshold can be read as the poverty line when using consumption as the welfare measure or a value that is -2 standard deviations when the welfare measure is weight for age. Second, although we are using the Oaxaca-Blinder framework to obtain the counterfactual welfare, we are not decomposing changes between the treated and control. Instead, we use the Oaxaca setup to obtain the counterfactual welfare only. We then compare an estimated permanent welfare and the counterfactual income for the same household or individual.
Nonetheless, a question that will arise is whether the treated and the control can be considered as interchangeable -that is, can they serve as suitable samples to obtain counterfactuals for the other or does one need to reweight the samples using any suitable reweighting estimator. It is worth noting, and this serves as the third remark, that the Oaxaca-Blinder estimator is in fact in the same class of reweighting estimators of the conditional odds of being treated. Moreover, it enjoys the status of a doubly robust estimator of counterfactuals which means that the estimation is consistent if either the specification for the propensity score or the outcome variable is correct (Kline, 2011) . This means that results from applying the Oaxaca-Blinder framework are enough to provide us with appropriate counterfactuals. Finally, separate from the issue of interchangeability is whether the distribution of shocks is random. If shocks are not random, then the treated and control are essentially different and the estimation strategy for the counterfactuals would have to be different too and considerably harder. One argument often advanced regarding the non-randomness of shocks is the idea that in risky environments households would usually take actions ex-ante to minimize the downside losses of shocks. This is of course true, but it does not follow that shocks are not random. Our view is that conditional on whatever ex-ante action households take, the arrival of shocks is randomly distributed over short periods of time -say one rainy season ahead -over space such that there is little or no likelihood that households would have sufficient information and time to take actions that would lead them to avoid the shock (e.g., through movement to another location).
In the empirical models estimated below, we use different welfare indicators: consumption, weight for age (under nutrition) and weight for height (wasting). Stunting, or the height for age measure that is usually used as a sign of long term nutritional deficiency was judged not suitable for this analysis. Deviations from the norm tend to be permanent; it is often very difficult for individuals to recover from early life damage. On the other hand, underweight can be reversed faster and, if not caused by chronic unfavorable conditions, also wasting can be reversed over a short period.
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For consumption models in Burkina Faso, Niger and Senegal, where geocodes are not available in the surveys, we define the treated as those experiencing a level of rainfall ( −1 ) during the previous growing season (June to November of the previous year) below the long run mean � . The control group is the one experiencing the long run mean or higher level of rainfall. For the Northern Nigeria consumption model (North East, North West and North Central zones) and for the weight for age Sahel model (including Northern Nigeria, Northern Ghana, Mali, Burkina Faso and Senegal), −1 defines the greenness index (NDVI), as explained in the data section below.
Data and Descriptive Statistics
The Sahel region is facing continuing food and nutrition crises with many vulnerable households struggling to recover. This situation is exacerbated by different environmental, economic, social, political, and religious events that may hit governments, communities and households, undermining all the efforts to fight hunger and chronic poverty. In order to identify the level of households' resilience this study relies on four types of data, namely, i) consumption data from household surveys conducted by local National Statistical Offices; ii) the Demographic and Health Surveys (DHS) designed, implemented and collected by the United States Agency for International Development (USAID); iii) the monthly level of precipitation from 1998 to 2012, produced by NASA through the Tropical Rainfall Measuring Mission (TRMM) project; and finally iv) the Normalized Difference Vegetation Index (NDVI) also collected by a satellite operated by NASA.
Consumption Data
For Burkina Faso, information on households' living conditions is drawn from the Surveybased Harmonized Indicators Program (SHIP) including a set of harmonized variables on household consumption, access to infrastructure i.e. water, electricity, education and health care, employment status, education and health. These variables have been extracted from the Enquête Burkinabé sur les In Nigeria we selected only three Northern regions since their agro-climatic conditions tend to be similar to those of other Sahel countries. We used the General Household Survey (GHS) panel consisting of 5,000 households. The panel covers the periods 2010/2011 (Wave 1) and 2012/2013 (Wave 2). It is representative at the national and zonal (geo-political) levels. Besides the questions asked in a normal GHS survey, it contains data on agricultural activities and other household income activities. Consumption data are collected using a 7-day recall period. In every panel wave, households are interviewed two times: once in the "post-planting" period, from August to November, and once in the "post-harvesting" period, from February to April. Data are deflated using 2010 as the base year. The poverty line is the national poverty line in 2010 used for calculating the most recent (unofficial) poverty figures (NER, 2014) .
In 2001, the Senegalese national statistics office (ANSD) implemented the second Enquête Sénégalaise Auprès des Ménages (ESAM2), and in 2005, the first Enquête de Suivi de la Pauvreté au Sénégal (ESPS1). ESAM2 consists of about 4,562 households while in ESPS1 10,780 households were interviewed. These surveys were conducted at different times of the year but for the purpose of our analysis they are comparable. One has to just bear in mind that the 2005-06 survey, conducted just after the harvest, may have underestimated the level of poverty. In Niger, we used the 2007 round of Enquête Nationale de sur le Budget et la Consommation des Ménages au Niger (ENBC). Due to security concerns, the rural part of Agadez region was not covered.
Demographic and Health Surveys
The data on child health come from various rounds of the Demographic and Health Surveys (DHS) that are financed by the United States Agency for International Development (USAID) and implemented by ICF 2 . The DHS collects information on different topics such as fertility, family planning, reproductive health, child health, and HIV/AIDS, reflecting the situation of the country analyzed. The surveys are nationally representative. Child height and weight are converted into standardized Z-scores using WHO methodology. For each child, the Z-score expresses anthropometric values in terms of standard deviations below or above the median of an international reference group. Table 1 presents some summary statistics on the prevalence of malnutrition in the region over the last decade. We dropped Mali 2001 because we could not link the household data to rainfall in the year prior to the survey. In contrast, all other countries have two rounds. As in the case of consumption, we restricted our sample to Northern Nigeria and Northern Ghana. With the notable exception of Senegal and Northern Ghana in 2008, about one-third of sampled children are underweight (column 3) and more than 10% are severely underweight (column 4). Percentages are similar for stunting (column 7 and 8) but lower for wasting. Burkina Faso and Northern Nigeria show particularly high rates over all the measures. In the analysis we used -2 standard deviations as the minimum threshold for permanent welfare.
Rainfall
2 ICF recently acquired MACRO internationational which used to be the main implementator of DHS surveys on behalf of USAID.
NASA's Tropical Rainfall Measuring Mission (TRMM) provides a detailed and comprehensive data set on the four dimensional distributions of rainfall and latent heating over vastly under sampled oceanic and tropical continental regimes. This study links the DHS cluster-level and GHS Enumeration Areas (EA) GPS-coordinates and provinces, with data from TRMM satellites that measure rainfall at a 0.25x0.25 latitude/longitude grid. The data are available every month from January 1998 to December 2012 and the unit of observation used here is average rainfall (in mm/hour).
For each DHS cluster/ GHS (EA), monthly rainfall is estimated using the four nearest data points available in the TRMM data. The estimated rainfall in the cluster is calculated as the weighted average of the measured rainfalls in these four points, which represent the four corners of the world of the gridded cell to which the cluster belongs. The weights of the equation are the inverse distances between the two points, so that the nearer they are to the cluster/ EA the larger the weight assigned to the data points. For household survey data, we aggregate the average of the rainfall observations falling within the geographical limits of the province of a country. Similarly, in the case of households' living conditions data, the rainfall value for households located in each province is simply comprised of the average of the rainfall measured in the TRMM points located in a given province. Figure 2 shows the amount of rainfall precipitation during the growing period (between June and September/October) over the last 10 years. This period accounts for about 80% to 90% of the total precipitation over the year and it is crucial for crop growth. There is a lot of variation among the countries presented. Northern Nigeria, Northern Ghana, Burkina and Senegal receive cumulatively between 600 and 800 mm of rainfall during the growing period; Mali and Niger on the other hand, see much lower levels of precipitation. Niger cumulatively receives less than 200 mm in the growing period.
For the purpose of our analysis, we selected rainfall or NDVI corresponding to the year before the survey was conducted. In some cases this implied we could observe the impact of particularly negative climatic conditions. For example, Burkina Faso's 2003 EBCVM and DHS were conducted after a severe drop in precipitation in 2002. Likewise, GHS 2012-2013 data have been collected after a particularly dry year for Nigeria (2011). In both cases, nonetheless, the other survey rounds (2010 and 2010-2011) were collected in a relatively favorable period. Overall, this makes the surveys particularly suitable for the resilience analysis we undertake since these surveys contain a negative as well as a positive 'state of the world'.
NDVI
From space it is possible to observe the surface of the earth and measure the light that is emitted at different wavelengths. Vegetation indexes such as the Normalized Difference Vegetation Index translate visible red and near infrared radiation into a decimal number between -1 and 1 which describes the greenness of a specified geographical area. In order to use NDVI as a proxy for drought, it is common to calculate the anomaly, i.e. the deviation from a long-run average for a specific time of the year.
Predicted NDVI is a composite drought index that is based on greenness anomalies estimated by accumulated rainfall and temperature variations. The measure, explained in more detail in Fisker (2014), uses monthly information on rainfall, temperatures at night and temperatures at daytime to predict NDVI before aggregating to 11 yearly averages. This leads to a satellite based drought-indicator with a spatial resolution of 0.25*0.25 degrees that takes greenness into consideration, but importantly leaves out all anthropogenic causes of change in greenness.
Data on greenness and temperature are obtained from the MODIS Terra satellite. It has been orbiting Earth daily since 2000, and here we employ a pre-processed product made publicly available by NASA that has a temporal resolution of one month and a spatial resolution of 0.05 degrees (3 arc minutes or around 5.8 km at the equator). It is later aggregated to 0.25 degrees in order to match the resolution of the rainfall data and reduce the number of observations. In the end we have a data frame with 1440x720 observations over 180 months.
For each Enumeration area/cluster monthly NDVI is estimated using the four nearest weather data observations with the inverse distances as weights. This way, more weight is put on weather observations, the closer they are to the survey point, and every observation is unique and very precisely estimated.
Estimation Results
This section presents the results from our empirical analysis on resilience using consumption and malnutrition measures. Estimated coefficients and residuals will then be used to construct counterfactual outcomes. These outcomes will be compared to (estimated) permanent welfare results, also discussed in this section. Using the taxonomy discussed in section 3, we calculate by country the shares of resilient, non-resilient and chronically poor population. This section concludes by comparing characteristics of these three groups. If the groups are properly defined, we expect the resilient group to show superior characteristics to the other two groups and the non-resilient group to be better off than the chronically poor group. Consumption models were estimated separately for each country and by pooling different years together. All models use OLS and errors are clustered by country specific macro regions. Tables 2, 3 Most of the relevant variables are significant and show the expected signs. Bigger households and higher dependency rates are associated with lower levels of consumption in all countries and in all the specifications. Consumption is positively associated with the educational level of the household head. Completion of higher levels of education (Northern Nigeria, Senegal and Niger) or more years of education (Burkina Faso) is associated with higher levels of consumption per capita. All else being equal, households where the head has a job which is not related to agriculture are better off than those where the head does not have work and those where the head is involved in agricultural work. Accordingly, households where the head is employed in non-agricultural activities have higher per capita expenditure levels. Asset ownership, good quality of housing material and access to protected water and electricity are all positively related with consumption levels in both countries.
In all countries, according to respective year estimates, poverty levels were in the range of 40 to 50 percent. In Burkina Faso, Northern Nigeria, Senegal, one of the data sets was collected after a year when precipitation was below the last decade average. In most of Niger (about 60 percent of clusters) in the specific year analyzed, precipitation levels were lower than the decade average. Table 6 show the results of weight for age. Country, regional and temporal dummies are not reported but were included in the models. Differently from consumption models, the R 2 level tends to be around 0.20, and more of the dependent variable variance goes unexplained. This has clear consequences on the accuracy of our predictions. On the positive side, as we will see later, the results based on malnutrition are consistent with those based on consumption and more importantly, they reproduce rather accurately the country differences we observed with the consumption models. Furthermore, the relevant variables are significant and show the expected signs. High levels of undernutrition among children are associated with lower education of the household head, limited access to protected water, flush toilet and electricity and in general limited ownership of assets. Figure 3 compares the results from the consumption models in Burkina Faso, Northern Nigeria, Senegal and Niger. Niger, Burkina and Northern Nigeria have high percentages of chronically poor: respectively 48, 34 and 27 percent. On the other hand, the chronically poor in Senegal are only 4 percent. The middle group, the non-resilient, is bigger in Senegal and between 38 and 34 percent in the other three countries. Finally resilient households account for about 33 percent in all countries except Niger, where the share falls to 18 percent. Figure 4 presents the results using our other welfare measure, child malnutrition, using the weight for age ratio for 1 to 3 year old children. We find broadly similar patterns as the classification that uses consumption: Senegal has the fewest chronically poor, while Burkina Faso has the highest. We also find that higher fractions of children in Northern Ghana would be considered resilient to the shocks, while Burkina Faso and Mali have the lowest. Mali, Northern Nigeria and Senegal have large fractions of non-resilient children (those who are neither chronically poor nor resilient).
Is this subdivision by groups meaningful? Are those households we defined as resilient really better equipped to cope with a shock? One simple way we found to test this was to compare, for a number of key characteristics, the mean differences between groups. Households belonging to the resilient group should show, on average, better characteristics than those in the non-resilient group while those in the chronically poor group should be worse than both groups. For simplicity, we report the comparison between the resilient and non-resilient groups 3 .
In Tables 7 and 8 , we report the group means and t-statistics of their differences, for consumption and in Table 9 for malnutrition. In almost all countries, the resilient group tends to have a smaller household size, fewer dependents, higher levels of education and a higher percentage of quality items. Most of these differences are highly significant as testified by the high values of the t-statistics.
A number of findings are noteworthy. First, our methodology to measure resilience produces rather meaningful results. Provided that the underlying welfare model is accurate, we are able to subdivide households into three different groups (chronically poor, non-resilient and resilient) and the characteristics between these groups are significantly different: resilient households are more educated, own more assets and tend to have less dependents. Second, the results seem to reproduce expected differences between countries. Among the countries analyzed, Niger and Burkina Faso perform worse, when we use consumption. Northern Nigeria performs better than Burkina but worse than Senegal. Finally, and this is probably the most promising part of our work, this analysis can be easily replicated in other countries. Our methodology to test resilience does not require ad hoc data sets, but simply one or more cross section survey rounds and some easily accessible climatic data.
Conclusions
The recent experience of the 2010 fuel and food crisis in Sub-Saharan Africa has shown that a single large shock is enough to strain the resilience of plenty of households at once. When such shocks occur in succession and are covariant, that is, affecting an entire region, the consequences are often particularly dreadful for poor households. To worsen conditions, traditional responses that are effective against small-scale shocks are gradually losing momentum, whereas collective responses such as public safety nets are either not available or underfunded and poorly targeted.
Improving household resilience, therefore, becomes a central issue in any SSA policy agenda, in particular in areas such as the Sahel region, where household exposure to economic and climatic shock is harsh. While conceptualization of resilience has been sharpened over the last years (see for example World Bank, 2014) , to our knowledge, efforts to measure resilience have not yet proved fully convincing. Given the urgent need of measuring resilience without waiting for the 'ideal data set', the present paper develops a methodology that uses existing data sets and can already provide some guidance on resilience based on the experience of the last decade. The quantitative measure we provide builds on the idea that a household is resilient if there is very little difference between the pre-shock welfare and the post-shock welfare. This paper contributes to the literature on measuring resilience by providing a method for estimating potential deviation of household income from expected permanent income by using repeated cross sections.
Inspired by the vast literature on counterfactual distributions and survey to survey estimation, we simulated the welfare outcome the household would have experienced if faced with a different state of the world compared to its current state. We first split our survey sample into households or individuals that experienced a shock, those named treated -and those which did not, the control. Next, we estimated separate welfare outcomes for those who received a shock and those who did not. We used these parameters to obtain the counterfactual distributions. The comparison of the permanent welfare level and the counterfactual distributions for each individual indicates who is likely to be resilient and who is not.
The results look promising. Using consumption as a welfare measure in Burkina Faso, Northern Nigeria, Niger and Senegal, we are able to define three distinct groups of households classified on the basis of their resilience. According to these estimates, around 33 percent of households are resilient in three of the four countries. Niger fares much worse, and the resilient group accounts for only 18 percent of the households. The number of chronically poor, those permanently below the poverty line, is around 49 percent in Niger, 33 percent in Burkina Faso, and 26 percent in Northern Nigeria and only 4 percent in Senegal. By contrast, when we look at welfare measures used to analyze the nutritional deficiency of children, we find that resilience levels range from 20 percent in Burkina Faso to 40 percent in Northern Ghana.
In summary, our model offers some potential insights for understanding resilience using only cross sections. In the absence of a panel, two or more cross-sectional household survey rounds linked to rainfall or any available measure of shocks could be enough to obtain a reasonable measure of resilience. This is quite important when deciding on targets for social protection and on scaling up programs to buffer shocks. However, more research is obviously needed to test the robustness of the methodology. In particular, it would be important to validate the model with a panel survey that follows households over several years and at the same time collects information on shocks faced by households, something we plan to do in future research. Note: *** p<0.01, ** p<0.05, * p<0.1 
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